[1] Accounting for small-scale spatial heterogeneity of soil moisture () is required to enhance the predictive skill of land surface models. In this paper, we present the results of the development, calibration, and performance evaluation of a downscaling model based on multifractal theory using aircraft-based (800 m) estimates collected during the southern Great Plains experiment in 1997 (SGP97). We first demonstrate the presence of scale invariance and multifractality in fields of nine square domains of size 25.6 × 25.6 km 2 , approximately a satellite footprint. Then, we estimate the downscaling model parameters and evaluate the model performance using a set of different calibration approaches. Results reveal that small-scale distributions are adequately reproduced across the entire region when coarse predictors include a dynamic component (i.e., the spatial mean soil moisture hi) and a stationary contribution accounting for static features (i.e., topography, soil texture, vegetation). For wet conditions, we found similar multifractal properties of soil moisture across all domains, which we ascribe to the signature of rainfall spatial variability. For drier states, the fields in the northern domains are more intermittent than in southern domains, likely because of differences in the distribution of vegetation coverage. Through our analyses, we propose a regional downscaling relation for coarse, satellite-based soil moisture estimates, based on ancillary information (static and dynamic landscape features), which can be used in the study area to characterize statistical properties of small-scale distribution required by land surface models and data assimilation systems.
Introduction
[2] Soil moisture () is a key variable in hydrology influencing land-atmosphere interactions, runoff production, and groundwater recharge. As is the case for other land surface variables, is related in a nonlinear fashion to water and energy fluxes and exhibits strong heterogeneity at small spatial scales (<100 m) [Famiglietti et al., 1999] . Currently, spatially distributed estimates can be potentially provided at a high resolution by active microwave remote sensors. However, the accuracy of these measurements is low because of the strong influence of surface roughness and vegetation [Altese et al., 1996; Mancini et al., 1999; Holah et al., 2005] . As a result, soil moisture products from active sensors are not operationally available. Passive remote sensors, on the other hand, return more accurate estimates, but their resolution is much coarser. For example, the Advanced Microwave Scanning Radiometer (AMSR-E) provides daily near-surface (0-1 cm) measurements in a 25 km grid spacing [Njoku et al., 2003] , while the Soil Moisture Ocean Salinity (SMOS) mission will provide near-surface soil moisture at a 50 km pixel scale [Kerr et al., 2001] .
[3] Accounting for spatially distributed is fundamental for improving hydrologic simulations in land surface models [Famiglietti and Wood, 1995; Peters-Lidard et al., 2001; Crow and Wood, 2002; Merlin et al., 2006] . For example, Crow and Wood [2002] studied the effects of soil moisture aggregation up to the scale of passive remote sensing products on the model predictions of surface energy fluxes over the southern Great Plains. They concluded that a simplified representation of subgrid-scale soil moisture heterogeneity (through the standard deviation s ) improved the land surface model predictions when compared to field observations. As a result, developing methodologies to characterize small-scale variability is of practical importance for the appropriate use of these measurements in land surface modeling and data assimilation schemes.
[4] Understanding soil moisture variability within aircraft and satellite footprints has been the subject of intense field experiments (e.g., Washita 1992 Experiment; Southern Great Plains (SGP) Hydrology Experiments of 1997 and and Soil Moisture Experiments (SMEX) of 2002 , 2003 . Using these data sets, efforts have focused on the development of downscaling (or disaggregation) algorithms using different approaches. A strategy for downscaling combines high-resolution remotely sensed data (i.e., surface temperature and vegetation indexes) and meteorological measurements with energy balance constraints [e.g., Merlin et al., 2008a Merlin et al., , 2008b Merlin et al., , 2009 . Another set of disaggregation methods is based on the merging of active and passive sensors [e.g., Zhan et al., 2006; Narayan and Lakshmi, 2008; Bindlish et al., 2009; Mladenova et al., 2009] , a technique that is receiving increasing attention in view of the forthcoming Soil Moisture Active and Passive (SMAP) mission [Entekhabi et al., 2009] , where both active and passive L band data will be collected to produce 10 km estimates globally.
[5] A final group of downscaling strategies is statistically based. Within this group, the simplest approach consists of studying the relation between the spatial mean soil moisture content hi in a coarse domain (i.e., satellite footprint) and the standard deviation s of ground-based measurements within the domain. The standard deviation s is used as parameter of a probability density function (pdf ) assumed to represent the subfootprint heterogeneity. Famiglietti et al. [2008] discuss the use of Gaussian, gamma, and beta distributions for this purpose. An alternative method for statistical downscaling is based on evidence that spatial soil moisture fields exhibit scale invariance and fractal and/or multifractal properties [e.g., Rodriguez-Iturbe et al., 1995; Hu et al., 1997; Kim and Barros, 2002a; Oldak et al., 2002; Das and Mohanty, 2008; Mascaro and Vivoni, 2010] . For example, Kumar [1999] proposed a Kalman filtering algorithm based on a fractal model and soil information for estimating at scales finer than those at which measurements are available. Hu et al. [1998] and Das and Mohanty [2008] applied a framework that decomposes the variability of into large-and small-scale features using wavelet transforms. Kim and Barros [2002b] developed a downscaling model based on a fractal interpolation and ancillary data to produce a unique disaggregated field.
[6] In this paper, a multifractal downscaling model based on a log-Poisson stochastic generator is applied to remotely sensed soil moisture estimates collected during SGP97. The use of log-Poisson generators in multifractal cascades has been proven to reproduce observed fluctuations in a range of natural phenomena. It was first proposed by Dubrulle [1994] and She and Waymire [1995] and was applied in subsequent studies [e.g., Benzi et al., 1996a Benzi et al., , 1996b for modeling the velocity fluctuations in fully developed turbulence. Multifractal cascades with log-Poisson generators have also been proposed by Deidda et al. [1999] for numerical simulation of small-scale rainfall fluctuations and utilized to reproduce rainfall variability in spatial [Deidda, 1999] and spatiotemporal domains [Deidda, 2000; Deidda et al., 2004 Deidda et al., , 2006 Badas et al., 2006] .
[7] The main advantages of this kind of downscaling model compared to other methods are as follows: (1) the log-Poisson generator is able to generate distributed scenarios that reliably simulate natural fluctuations and are statistically consistent with the coarse-scale observation, (2) the model has the ideal properties required for an operational use: it depends on a parsimonious number of parameters that can be calibrated as a function of coarsescale predictors derived from readily available ancillary data, and it requires a low computational demand, (3) the model allows characterization of the pdf of the field aggregated at any scale included within the range of scale invariance, and (4) this approach does not require the selection of a specific form of the pdf and, thus, is well suited to represent different distributions that occur in different climates or physical settings.
[8] We test the capability of the log-Poisson generator in nine square domains of size 25.6 × 25.6 km 2 (approximately the area of a passive microwave pixel) that span the entire SGP97 study region. Each domain is characterized by different static (soils, vegetation, topography) and dynamic (hi, accumulated rainfall) features. Prior to applying the downscaling algorithm, we verify the presence of scale invariance laws and conduct multifractal analyses to quantify soil moisture characteristics across a range of scales. Next, we evaluate three different downscaling calibration approaches for the operational use of the model in the SGP97 region. These approaches vary on the basis of the selection of dynamic or static factors that serve as coarse-scale predictors. In the approach labeled LOC, we locally (i.e., in each domain) fit a predictive relation between model parameters and hi. In the REG approach, we evaluate a regional relation between parameters and hi using all the domains. Finally, in the third mode, called ANC, we propose a relation valid in the entire study area using hi and ancillary data (i.e., the domain static factors) as coarse predictors.
[9] The analyses conducted in this paper contribute toward the characterization of variability and the development of tools to improve the use of coarse remotely sensed products for land surface modeling and data assimilation approaches. To our knowledge, this is the first study where a cascade-based multifractal model is (1) applied to reproduce variability of soil moisture fields at different scales and (2) calibrated and validated to provide an efficient, operational methodology to characterize subgrid heterogeneity from coarse measurements. During the calibration effort, the study also provides novel insights into the influence of a set of static and dynamic physical factors (landscape features) on intermittency and multifractal properties of soil moisture under the different conditions experienced during SGP97. The approach proposed here is general and can be adopted in areas with different climate, topography, vegetation, and soil characteristics.
Study Area and Data Set

SGP97 Experiment
[10] We used remotely sensed soil moisture images collected during SGP97, an intensive field campaign involving the U.S. Department of Agriculture-Agricultural Research Service (USDA-ARS) and other government agencies and universities. In the period 18 June to 17 July 1997, an aircraftmounted passive microwave sensor (the Electronically Scanned Thinned-Array Microwave Radiometer (ESTAR) [Le Vine et al., 1994] ) measured brightness temperature over a 40 × 250 km strip located in Oklahoma (Figure 1a ). Ancillary data sets including soil texture, land use, and vegetation water content were used to convert microwave observations into volumetric surface soil moisture . Ground measurements of were collected and utilized as a ground truth to validate the remote sensing estimates. As a result, maps of volumetric soil moisture content (%) were produced for 16 days (listed in the first column of Table 1 ) at a resolution of 800 m. Given as hi in % for the nine domains. The percentage of pixels with missing data (ND) in % in each domain is also shown.
[11] For our analyses, we used the ancillary data belonging to the SGP97 data set, including (1) a soil texture map from the CONUS-SOIL multilayer soil characteristics data set [Miller and White, 1998 ] and (2) a land cover map developed by Doriaswamy et al. [1998] . To characterize the regional topography, we used the digital elevation model of the Shuttle Radar Topography Mission (30 m resolution) (Figure 1b ). In addition, we used rainfall estimates retrieved by the Next-Generation Weather Radar (NEXRAD) network at a resolution of 4 km and 1 h over the region.
Study Domains and Rainfall and Soil Moisture Observations
[12] To conduct the scale invariance and multifractal analyses, we selected nine nonoverlapping square domains of length 25.6 km in the ∼10,000 km 2 study area. The dimensions of the domains mimic the extent of soil moisture estimates obtained from passive satellite microwave sensors (e.g., AMSR-E) and correspond to five levels of aggregation in a binary cascade from the finer resolution of 0.8 km up to 25.6 km. Figure 1 shows the location of the domains (labeled A to I), and Table 1 reports the spatially averaged volumetric soil moisture (hi in %) and the percentage of pixels with missing data (ND) for each day. The mean soil moisture hi in each domain is plotted versus time in Figure 2a (bottom), together with the correspondent standard deviation s of the 800 m estimates (Figure 2a, top) . During the study period, three main rainfall events with different spatial distributions were recorded (25-26 June, 28-30 June, and 10 July). Figure 2b (top) reports the spatially averaged rainfall in the 24 h prior to each soil moisture image acquisition (antecedent rainfall, AR), as well as the spatial standard deviation s AR of the NEXRAD estimates (Figure 2b , bottom).
[13] Initially, little or no AR was observed in the area, so that soil moisture dry-down conditions occurred in all domains (18) (19) (20) . Two rainfall events were observed in 25-26 June and 28-30 June, with heavy precipitation in the northern part (domains F, G, H, and I). In addition, a rainfall event with a spatial average of ∼20 mm occurred on 28 June over domain D. As a result of the varying rainfall distributions, a dry-down period can be identified from 29 June to 3 July in domains A-F, while the dry-down was shorter and delayed (1-3 July) in domains G-I. Finally, a rainfall event occurred prior to 11 July with particularly heavy storms in domains A and B, causing a soil moisture dry-down between 11 and 16 July. Overall, domains located in the northern region (domains G, H, and I) received more rainfall during the experiment compared to southern domains, resulting in higher hi for all days. During the 1 month experiment, the variation of s is correlated with hi in all the domains, with higher values of s occurring for larger hi. The spatial variability of AR distribution within each domain is relatively low (i.e., low s AR ) for all the precipitation events, except for 11 July in domain A (s AR ∼ 40 mm).
[14] Table 2 summarizes the main domain features in terms of topography, soil texture, and land cover. Topography ranges from flat to gently rolling hills, with a strong signature of the channel networks. Average values over the nine domains of the mean m H , standard deviation s H , and range D H of the elevation are equal to 359.1, 17.4, and 101.3 m, and averages of the mean m SL and standard deviation s SL of the slope equal 4.0 and 2.4%. Table 2 reports the percentage of domain area covered by the six soil texture classes, with a predominance of silt loam, loam, and sandy loam, as well as the area occupied by pasture and winter wheat, which together account for more than 60% in each domain. The other 11 land cover classes cover only a small fraction of the area (∼35%) of each domain. From south to north (domains A-I), the area of pasture decreases while winter wheat increases, indicating concentrated wheat harvesting in the northern areas [McPherson et al., 2004]. 3. Methods
Scale Invariance and Multifractal Analyses
[15] Scale invariance analysis of identifies similarities in the statistical properties of the pdf of at different scales of aggregation. Once these common features are found between two spatial scales, the variable is said to be scale invariant, and statistical information about the pdf of at the smallest scale may be derived from coarse-scale characteristics. Let us suppose that is known at a resolution l within a coarse spatial domain L × L and that scale invariance is verified in the range of scales from l to L. Our objective is to derive the pdf of at any scale l × l, where l ≤ l ≤ L. For this purpose, we can introduce a nonoverlapping grid partition of scale l within the L × L domain and compute the following partition functions S q (l) for any moment q:
where # i, j (l) is the mean value of on a grid cell l × l in the location (i, j) and N(l) 2 = (L/l) 2 is the number of subdomains l × l embedded in the coarse domain. The analyzed field has scale invariance properties if the following power law holds within a range of l scales:
Scale invariance can thus be detected by checking the linearity of the log-log transformation of (2):
If (3) holds for l scale ranging from l to L, the field is scale invariant, and we can easily transfer statistical information from the coarse scale L to any smaller scale l ≥ l by estimating K(q) as the slope of logS q (l) versus logl. In addition, if K(q) is a nonlinear function of q, the field is also multifractal and K(q) are called multifractal exponents. In our approach, for a generic level of aggregation k = 0, …, N lev , where N lev is the total number of downscaling levels, the coarse and fine scales are related through a branching number b, so that l k = Lb -k (where l 0 = L and l Nlev = l). We use here a binary cascade, i.e., b = 2. For example, if we want to investigate the presence of scale invariance between L = 25.6 km and l = 0.8 km, we need to demonstrate that (3) is applicable for the scales l k = 25.6, 12.8, 6.4, 3.2, 1.6, and 0.8 km with N lev equal to five levels of disaggregation.
[16] Investigating the multifractality of the field can be pursued through the following steps. For each field, we These include latitude (LAT) and longitude (LON) of the center of the domain and topographic characteristics including mean (m H in m), standard deviation (s H ), and range (D H ) of the elevation, as well as mean (m SL ) and standard deviation (s SL ) of the slope. Also given are percentages of domain area covered by a soil texture class (six types) and land cover features (pasture, wheat, and other classes). The summary statistics in terms of mean and standard deviation (SD) over the nine domains are also reported.
compute the partition functions (equation (1)) for different aggregation scales l. Then, we verify the linearity between logS q (l) and logl for different values of q and estimate the multifractal exponents K(q) as the slope of the regression lines fitted to the data. Finally, we inspect the relation between the estimated K(q) and the moments q to verify the multifractality of the fields.
Log-Poisson Downscaling Model
[17] We used a multifractal downscaling model based on random cascades with a log-Poisson generator (see Deidda et al. [1999] for details). The model stochastically reproduces homogeneous, scale-invariant, and multifractal fields through a log-Poisson generator h = e A × b y depending on two parameters: b and the mean c of the Poisson-distributed random variable y (the "mean conservation" condition = 1 leads to the determination that A = c(1 − b)). The theoretical expectation of multifractal exponents of this model were derived by Deidda et al. [1999] using integral measures of in (1) instead of the mean fields as in our study. The multifractal exponents used by Deidda et al. [1999] were labeled z(q) and are related to K(q) through the transformation K(q) = dq − z(q). Thus, the theoretical expectation for K(q) can be obtained as
[18] In the multifractal approach, the value of K(q) controls the rate at which the intermittency (i.e., the degree of variability or heterogeneity of the values) of the field increases from large to small scales. In a completely uniform field, the variability is constant at all scales of aggregation, and K(q) = 0 for any q, whereas in fields with intermittency, for a given q > 1, K(q) increases as the intermittency increases. Moreover, if the parameter b can be assumed as constant in the observed fields (as we will demonstrate in section 3.3), for any fixed q in (4) the theoretical expectation for K(q) is linearly related to c, which is the only parameter controlling the intermittency of the field.
[19] Model parameters c and b are estimated by fitting (4) to the estimated multifractal exponents K(q). Once c and b estimates are obtained on a sequence of fields, the model needs to be calibrated by searching for relations linking the parameter values with coarse-scale predictors. The use of these calibration relations allows the model to be applied operationally, with minimal user intervention. Given the value of one or more coarse-scale predictors, model parameters can be derived through these empirical relations and used to downscale the coarse-scale field. For example, when the log-Poisson model was applied to spatiotemporal rainfall fields [Deidda et al., 2004] , parameters c and b were directly linked through a calibration relation to the coarse-scale mean rainfall.
[20] In its original formulation, the downscaling model was developed to simulate rainfall fields with positive real numbers. For soil moisture downscaling, the distribution is bounded between the residual soil moisture ( r ) and the soil porosity ('), derived from soil properties in a region. In the SGP97 data set, assumes integer values with a minimum of r = 2% and a maximum of ' = 51%. Thus, when we used the log-Poisson model to disaggregate fields, (1) we rounded each value of the synthetic small-scale field to the closest integer, and (2) we set all the values smaller than r to r and those greater than ' to ' to mimic the retrieval algorithms of the remote sensing images. However, we highlight that the model generated values exceeding the lower and upper bounds only in a very small number of cases.
Presence of Missing Data
[21] The SGP97 data set contains pixels with missing data (ND , Table 1 ), which can influence the partition function (equation (1)). To deal with ND, we followed the approach of Oldak et al. [2002] . For a given scale l, the value of # i,j (l) was computed from the values # h,k (l) at the finest scale l as follows:
where (1) indexes in the sum are calculated as
, and q 2, j = (q 1, j + N l , l − 1), with N l , l = l/l being the number of pixels in a row (or in a column) at the finest scale l included within a pixel at scale l, and (2) 
is a missing data and is equal to 1 otherwise. If we call
the number of nonmissing records at the finest scale, we can introduce a weighted partition function:
[22] The advantage of this approach is that deviations from scale invariance artificially driven by missing data are filtered out. To test the effect of different percentages of missing data, we carried out numerical experiments using the log-Poisson model. First, we synthetically generated a total of 1000 scale-invariant spatial fields with the same coarse and fine scales of our domains using c = 1 and b = 0.85 (reliable values in our study). Second, in each of these fields, we randomly introduced different percentages of ND. Third, we performed scale invariance analysis and estimated the K(q) for q = 1, 2, …, 10 on the original field and on the fields with different ND values. Fourth, we computed the relative errors between the K(q) estimated from the field with ND and those estimated when all data were present. For a given moment q, this produced 1000 values of the relative error for each value of ND. Averaging the 1000 errors, results revealed that 3% of missing data introduce an error of about 1% in the estimation of the multifractal exponents with the highest q = 10.
Evaluation of Downscaling Model and Calibration Relation Performances
[23] In our application to the SGP97 data set, we propose three different approaches to calibrate the downscaling model. For each calibration mode, the accuracy in reproducing the observed statistical and multifractal properties was evaluated in two ways. First, we visually compared the empirical cumulative density functions (ECDFs) of the small-scale fields to assess the match between observed and simulated distributions. For each image, we determined model parameters in accordance with the calibration mode starting from coarsescale predictors, and we generated N ens = 100 synthetic downscaled fields. From these N ens fields, we derived the 90% confidence intervals for the ECDF that were plotted against the ECDF built from the observed soil moisture values.
[24] The second way to evaluate model performance was the comparison between the standard deviation (s ) of observed and simulated small-scale soil moisture distributions. In this case, the observed s were plotted against the 90% confidence intervals derived from the synthetic fields. This verification provides insight about the practical utility of the fields downscaled by the model. As demonstrated by Crow and Wood [2002] , accounting for subgrid heterogeneity through the knowledge of the small-scale s improves the predictive ability of land surface models, even for the case where a single value of s is available over a large spatial domain.
Results and Discussion
Evidence of Scale Invariance and Multifractality
[25] The presence of scale invariance in the soil moisture fields of each domain was investigated between the scales L = 25.6 km and l = 0.8 km for the moments q = 1, 2, …, 6. The analysis was not performed for the days where the percentage of missing data (ND) was larger than 3%. Figure 3 shows results of the scale invariance analysis for the moment q = 6 for seven images in domains A, C, F, and H, whose locations span the SGP97 area. The presence of scale invariance laws was found to hold with good accuracy in almost all the domains and days, with the exception of a few cases. As a result, for the subsequent analyses, we discarded the images where the correlation coefficient for the linear regression with q = 6 was lower than 0.9. For example, in Figure 3 this occurs for 12 and 13 July in A and 1 July in F. Overall, taking into account the images rejected because of missing data (ND) or due to low correlation coefficients, a total of M = 113 out of 144 images was preserved.
[26] After investigating the scale invariance, we analyzed the presence of multifractality in the soil moisture fields. As an example, Figure 4 shows evidence of multifractality (i.e., nonlinearity between K(q) and q) in domains A, C, F, and H for 2 days with wet and dry average conditions. Similar results (not shown) were obtained for other days and domains. As already demonstrated by Oldak et al. [2002] and Kim and Barros [2002a] , our findings confirm that the SGP97 soil moisture spatial fields are characterized by multifractal properties. We underline that the multifractality was verified here up to 655 km 2 (25.6 km × 25.6 km) on nonoverlapping areas, while Oldak et al. [2002] and Kim and Barros [2002a] extended the analysis only to 7.8 km 2 and 100 km 2 , respectively, using different approaches.
[27] Figure 4 also reveals that for a given moment q, the multifractal exponent K(q) of the dry field is higher than that of the wet field. Therefore, in drier soils the variability of increases faster than in wetter soils as we consider smaller scales of aggregation. For dry average conditions, soil moisture is likely distributed in small wet clusters or "islands" [Rodriguez-Iturbe et al., 1995] over a relatively dry domain. When a field with this intermittent distribution is aggregated at larger scales, the smoothing effect is large with a consequent rapid decrease in spatial variability. In a wet domain, soil moisture is more uniformly distributed, and its intermittency properties computed at different scales of aggregation vary more slowly. This is consistent with results from Mascaro and Vivoni [2010] in semiarid areas in Arizona and Sonora (Mexico) and Das and Mohanty [2008] in an agricultural area in Iowa.
Estimation of Downscaling Model Parameters
[28] The multifractal analysis allowed downscaling model parameters c and b to be estimated for the M = 113 images in the nine domains. The values of b were found to be quite close to each other, while a large spread was found for c. Results of these estimations are summarized in Table 3 , which reports the mean and standard deviation of b (m b and s b ) and the minimum and maximum values of c (c min and c max ). In all domains, the values of m b are fairly close with a low standard deviation, while c estimates display larger variability. Previous studies on soil moisture spatial variability in different regions found a decreasing relation between the coefficient of variation of the soil moisture fields (CV ) and hi [e.g., Famiglietti et al., 2008] . Since model parameters c and b control the intermittency of the synthetic fields, their values were plotted in Figure 5 as a function of the spatial mean soil moisture hi. Figure 5a clearly suggests that the b estimates can be considered sample variations around a constant value, unique for each domain and independent of hi. In contrast, c estimates in Figure 5b exhibit a wider range with dependence on the domain or hi.
[29] As a next step, parameters c were again estimated by keeping the value of b fixed and equal to the average of the estimates displayed in Figure 5a (b = 0.85). The minimum and maximum values of c (c* min and c* max ) for fixed b are reported in Table 3 and are now characterized by more similarity across the nine domains. The existence of a negative exponential relation between c and hi for each domain is apparent in Figure 5c (c for fixed b versus hi). This result shows that, independently from the different static features of the domains, the spatial distribution is more intermittent (i.e., has higher c) as the field becomes drier, in accordance with the linkage between CV and hi found by other authors [e.g., Famiglietti et al., 2008] . In addition, this result is analogous to applications of the logPoisson model to precipitation data [e.g., Deidda, 2000] , where b was found to be a constant and c was linked to the mean precipitation at the coarse scale.
[30] The goodness of the c estimates conditioned on b = 0.85 was checked by comparing the sample K(q) estimates against the theoretical values provided by (4) for each of the M analyzed fields. These comparisons revealed good agree-ment, as shown for the wet and dry days in Figure 4 , where the theoretical expectations for K(q) are plotted with black lines.
Local Calibration With Mean Soil Moisture
[31] Previous results suggest the model can be calibrated by assuming b = 0.85 and adopting a negative exponential relation that represents the decreasing pattern between c and hi:
where parameters c ∞ , a, and g can be determined based on the sample c estimates. The relations (7) fitted in each domain are plotted in Figure 6 with black solid lines, while the values of c ∞ , a, and g are reported in Table 4 (values for free c ∞ ). This local calibration mode was labeled LOC. To provide a measure of the dispersion between the c values estimated on the observed images and those provided by the calibration, we report the root-mean square error (RMSE) in Table 5 . Verification methods were then used to evaluate the downscaling model performance with the LOC calibration mode. For this purpose, starting from each of the M coarse-scale soil moisture hi, the parameter c was calculated from (7) with domain-dependent values of c ∞ , a, and g (Table 4 , free c ∞ ) and then used to generate an ensemble of N ens = 100 soil moisture scenarios at high resolution (800 m).
[32] Figures 7a, 7d , and 7g show three examples of ECDFs in domains A (2 July), C (18 June), and I (2 July). In Figure 3 . Scale invariance analysis of seven images in domains A, C, F, and H. For each domain, the sample partition function S q (l) computed for q = 6 is plotted with circles versus the scale l (km) in loglog axes. Black lines are the regression lines fitted on the points. In a perfectly scale-invariant field, the points should lie along a line.
Figures 7a, 7d, and 7g, the observed ECDF is plotted with the 90% confidence intervals estimated from the N ens synthetic fields. In the majority of the M cases, the observed ECDF is adequately reproduced by the synthetic fields (not shown). However, in a small number of fields observed during the period 29 June to 3 July in the most northern domains G, H, and I, the shape of the distribution was not correctly simulated (particularly in the positive tail). For example, in two cases (Figures 7a and 7d , domains A and C), the synthetic ECDFs capture the observation well, while in one case (Figure 7g , domain I) the downscaling model fails in reproducing the observed ECDF, especially in the tail of the distribution. Possible reasons for this are discussed subsequently.
[33] The observed and simulated soil moisture standard deviations (s ) are compared in Figures 8a, 8d , and 8g for domains A, C, and I, respectively. In Figures 8a, 8d , and 8g, the 90% confidence interval (continuous lines) and the mean s (dashed lines) derived from the synthetic fields are plotted with the observed s (asterisks) versus hi. Note how the LOC calibration mode estimates the standard deviation in the three domains with good accuracy for the entire range of soil moisture conditions across all the domains. The observed s were included within the 90% confidence intervals of the synthetic standard deviations in 98 cases over the total 113 cases (almost 90% of the cases, as expected).
[34] Despite the observed small-scale distribution not being correctly captured in a limited number of cases, the performance of the downscaling model with the LOC calibration mode is overall satisfactory. Thus, this calibration approach provides a set of local equations that can be operationally used, within the range of hi available in each domain, to characterize the subgrid-scale pdf, starting from coarse-scale satellite estimates obtained over the domain extent.
Regional Calibration With Mean Soil Moisture
[35] In the LOC calibration mode, validity of (7) is limited to each domain since the c ∞ , a, and g parameters were locally estimated. Given the limited number of images in each domain (10 to 15), estimation of these parameters is affected by high uncertainty. This is true especially for c ∞ Figure 4 . Multifractal exponents K(q) for wet and dry days in domains A (hi = 22.8% and 10.9%), C (hi = 18.1% and 12.0%), F (hi = 17.4% and 8.3%), and H (hi = 34.9% and 14.1%). Black lines are multifractal exponents provided by the downscaling model. because very few c estimates are available for high hi. As a next step, we tested if the decreasing behavior of c versus hi can be fitted by a single relation for all domains. In this manner, we investigated whether the knowledge of hi could be sufficient to estimate the model parameters and derive the small-scale soil moisture variability. For this aim, the c estimates of the nine domains were pooled together and fitted to (7), as shown in Figure 9 , where the values of c ∞ , a, and g are also reported. This new regional calibration mode was named REG.
[36] As in the LOC case, the REG calibration mode was used to determine the parameter c, as a function of hi, to be used to generate N ens synthetic fields for each of the M soil moisture images. Comparison between the observed and synthetic ECDFs reveals a deteriorated performance of the REG calibration mode with respect to the LOC case. This is evident in the examples shown in Figure 7 . Accordingly, the skill of the REG calibration mode in simulating the soil moisture standard deviation s also decreased (Figure 8) , particularly for domain A, where all the observed s fall outside the confidence intervals. Overall, for the REG calibration mode, 58% of observed s were included within the 90% confidence intervals. Therefore, the verification tools reveal that the single REG calibration is not able to capture the entire variability of the c estimates over the nine domains. As a result, this calibration approach does not allow reproduction of the whole range of the intermittency properties displayed by the observed fields.
Regional Calibration With Mean Soil Moisture and Ancillary Data
[37] Deteriorated model performance obtained with a single regional relation (REG) suggests the need to search for other domain features that can be used in conjunction with hi as coarse-scale predictors, as done by Barros [2002a, 2002b] . Several studies have recognized the importance of factors including soil type, vegetation, topography, and rainfall in the evolution of soil moisture variability. Das and Mohanty [2008] discussed the role of each of these factors and underlined that such components often act together in a complex fashion, introducing nonlinearity in the soil moisture dynamics. As a result, a unifying method to explain and parameterize the weight of each factor on soil moisture heterogeneity has not yet been proposed.
[38] In the next calibration effort, we introduced a set of coarse-scale predictors accounting for the combined effect on variability due to static factors. In such a way, the model parameter c is predicted as a function of dynamic (hi) and stationary (static domain factors) components. We underline that an important dynamical factor potentially able to affect soil moisture variability is precipitation [e.g., Sellers et al., 1995; Crow and Wood, 1999] . We exhaustively investigated this issue in the 25.6 km × 25.6 km domains but did not find any substantial influence on soil moisture multifractal properties due to the variability of the 4 km precipitation data prior to the image acquisition. Thus, we assumed that the effect of the antecedent rainfall is reflected only on the soil moisture average conditions hi. The new calibration mode was labeled ANC since it is based on ancillary data, as described in sections 4.5.1-4.5.3. This approach constitutes a new method to overcome the limitations of a single regional relation through the static domain characteristics.
Coarse-Scale Predictors Accounting for Domain Static Factors
[39] We considered a data set with a total of 10 features incorporating terrain (mean elevation and mean slope), soil texture (area percentages occupied by sand, sandy loam, silt loam, loam, silty clay loam, and clay loam classes), and land cover factors (area percentages with pasture and winter wheat). To reduce the dimensionality of the 10-variable by 9-domain data set, we applied principal component analysis (PCA) [Jolliffe, 2002] , as described in Appendix A. PCA was computed on the centered variables (i.e., each factor was centered about its mean value) and reveals that the first three principal components (PCs) explain more than 95% of the variability of the original data.
[40] Results of the PCA are summarized in Tables 6 and  7 , including the coefficients and scores (principal component scores, PCS) of the first three PCs (hereafter PCS i , i = 1, 2, 3) and correlation coefficients between the PCS i and the static factors for each domain. As suggested by Jolliffe [2002, pp. 63-77] , comparison of the magnitude and sign of the values of correlation coefficients can help to provide a physical interpretation of each PC. The first PC measures the overall contribution of soil texture and vegetation (and, less importantly, of topography). In particular, vegetation and soil texture have a predominant weight in explaining the variability among the domains (the absolute values of the correlation coefficients are above 0.9). The sign of the PCS 1 (explaining almost 70% of the entire variability) allows us to divide the domains with similar characteristics into two groups: southern and northern regions. Negative values of PCS 1 depict the southern domains with higher mean elevation, mean slope, and percentages of sandy loam, loam, and pasture (Table 2 ). In contrast, positive values identify northern domains with higher percentages of sand, silt loam, and winter wheat. The second PC accounts for the contribution of the mean elevation, while the third PC measures the percentage of sand and clay loam. 4.5.2. Dependence of c ∞ , a, and g on Domain Static Factors
[41] In the ANC mode, the decreasing relation between c and hi was interpreted by using (7), while the dependence on the domain static factors was accounted for by investigating whether the parameters c ∞ , a, and g can be considered regional or domain dependent. If the latter occurred, we searched for predictive relations between the parameter and the coarse predictors of the static factors PCS i . We point out that parameters c ∞ , a, and g control the shape of (7): c ∞ represents the asymptotic value of c for large hi, and a is the range between the minimum and maximum values that c can assume (i.e., c ∞ and c ∞ +a) and, together with g, controls the rate of decrease.
[42] Our data set includes very few c estimates for large hi in each domain, meaning that the local estimation of c ∞ is highly uncertain. For example, in domains C, E, and G the values of c ∞ are negative (Table 4) , leading to a negative c for high hi, which prevents the application of the downscaling model. To overcome this, we assumed that c converges to a similar c ∞ value in all the domains based on the empirical evidence (Figure 5c ). Then, we locally reestimated 
, where c k est is the value of c estimated on the kth observed soil moisture fields and c k cal is the value provided by the calibration modes (where cal = LOC, REG, ANC, or JACK). a and g for the optimal value of c ∞ = 0.1 determined by minimizing the RMSE between the c estimates and (7) in the nine domains. A physical interpretation supporting this assumption is provided in section 4.6. The new parameters a and g are reported in Table 4 , while in Figure 6 the correspondent relations (fixed c ∞ , dashed lines) are compared to the LOC curves (solid lines): the lines are practically superimposed, confirming that our assumption for a constant c ∞ value is correct.
[43] If we keep c ∞ constant across all the domains, the different rates of decreasing of c with hi depend only on domain-dependent values of a and g. This suggests the need to determine if these parameters can be linked to the static factors through the PCS i . In order to minimize the number of parameters involved in the ANC calibration, we tested the possible presence of a relation between a and g. For this, Figure 10 reports the scatterplot of the local estimates of a and g of Table 4 and the linear regression a = Kg fitted to the points (where K is the slope). Despite some dispersion (especially for domains A and I), we can utilize this simple regression to eliminate a from (7) by assuming a constant (i.e., regional) value for K (estimated as 24.4 with RMSE = 1.0). At this point, (7) depends only on g, and this parameter can be linked to the PCS i . For this purpose, we tested different possible relations and found that the optimal one is the following multilinear regression:
with parameters b 0 , b 1 , b 2 , and b 3 . In (8), the j index is introduced (and is used hereafter) to explicitly indicate the quantities computed or estimated in each domain j = A, …, I.
[44] Summarizing, we first assumed a regional value for c ∞ = 0.1. Then, we showed that a and g can be linked through the relation a = Kg , with a regional value of K = 24.4. Finally, we related g to the scores of the first three PCs through the multilinear relation (8). In this way, the value of c provided by (7) Table 8 .
Verification of the ANC Calibration Approach
[45] Results of the ANC calibration mode in the nine domains are plotted in Figure 11 together with those computed in the LOC and REG modes. Clearly, the use of ancillary data considerably improves the estimation of c in each domain compared to the REG case, with performances Figure 7 . ECDFs of fine-scale (%) for domains A (2 July), C (18 June), and I (2 July) compared with the 90% confidence intervals of the synthetic fields generated with the LOC, REG, and ANC calibration modes. The ECDFs are plotted as exceedance probabilities 1-F(). similar to the LOC mode, as also shown by the RMSE in Table 5 . The use of the ANC mode also leads to improved performance compared to the REG case when we evaluate the capability to reproduce the statistical properties of the observed small-scale soil moisture fields. In fact, in the ECDFs reported in Figures 7c and 7f , the observed ECDFs are captured by the confidence intervals built from the ANC synthetic fields (domains A and C). Obviously, the problems detected in the LOC and REG cases in domains G, H, and I that do not depend on calibration are still present (Figure 7i, domain I) . The skill of the ANC case also improves when reproducing the observed s (Figures 8c, 8f, and 8i) . Overall, the observed s falls in the confidence intervals derived from the ANC synthetic fields in 81% of the M cases, a percentage lower than LOC (90%) but considerably higher than the REG mode (58%).
[46] To test the robustness of the ANC calibration approach and to verify its potential in other areas, we conducted a jackknife experiment [Davison and Hinkley, 1997] where each domain was alternatively used as a verification while the model was calibrated using the other eight domains. For each domain j, we performed a new PCA, reestimated c ∞ and K, and recomputed the set of b 0 , b 1 , b 2 , and b 3 parameters using the other eight domains. Then, we computed the inner product between the static factors of the verification domain j and the new coefficients of the PCs to derive the PCS i j and the new parameters g j by means of (8). Results for each domain with the jackknife experiment (JACK) are plotted in Figure 11 , and their RMSEs are reported in Table 5 . These indicate that JACK improved performance over the REG case in all domains except F. (7) linking c and hi is fitted on the c estimates of all the domains. Values of parameters c ∞ , a, and g are also reported.
[47] Results obtained with the ANC calibration mode have a practical importance. While the ANC results exhibit slightly lower performance than LOC mode, this approach furnishes a regional relation, dependent on six parameters, applicable to any of the tested domains in the SGP97 study area. In addition, the jackknife experiment suggests the potential for extending the validity of the ANC relation to other 25.6 × 25.6 km 2 domains of the southern Great Plains region with a similar climate. Thus, the ANC approach provides a robust and parsimonious tool that can be implemented operationally within this region to derive small-scale variability from satellite estimates.
Physical Interpretation of ANC Regional Calibration
[48] We discuss here the physical interpretations of the downscaling model application for the SGP97 data set. These considerations permit us to characterize the linkages between the intermittency and multifractal properties of soil moisture and the physical attributes governing soil moisture dynamics. The assumption of a regional value for c ∞ implies that, for wet conditions (large hi), the intermittency and multifractal properties of the small-scale field are similar across the SGP97 area. This hypothesis is supported by the following possible physical explanation. High values of hi are obtained after heavy precipitation events with a large spatial coverage. In these situations, it is reasonable to assume that the characteristics of the soil moisture spatial distribution are mainly affected by the signature of the rainfall distribution. Since the spatial characteristics of the rainfall field are likely similar over the SGP97 area for these large events, we expect similar intermittency properties across the nine domains of the fields observed after severe storms. However, further investigations are desirable given the small number of fields available for high hi.
[49] For dry conditions (low hi), the LOC approach indicated that the intermittency properties of are different in the nine domains (i.e., diverse values of c). In the ANC mode, this was taken into account by linking g to the PCS i . To evaluate the physical interpretation of this result, let us consider Figure 12a , which shows the scatterplot between parameter g and PCS 1 , which explains almost 70% of the variability of the static features and is mainly affected by a south-north gradient of vegetation attributes. Figure 12a clearly shows that g decreases from the southern (negative PCS 1 ) to the northern (positive PCS 1 ) domains. Since parameter g controls the rate of decrease of c with hi, a lower g implies a slower decrease of c with hi, meaning that, for low hi, the distributions in the southern domains are less intermittent (have a lower c) than those observed in the northern domains. This is further illustrated in Figure 12b , where we report, as an example, the ANC curves of domains A and I (the most southern and northern domains, respectively).
[50] A possible interpretation of this result is based on the different distributions of vegetation coverage in the southern Computed from the 10 variable by 9 domain data set and correlation coefficients (CC) between each static factor, reported in Table 2 , and the scores of the first three PCs (i.e., PCS i , i = 1, 2, 3) reported in Table 7 . Also reported is the percentage of the variance explained by each PC. Table 4 , fixed c ∞ ) and linear regression a = Kg (K = 24.4). and northern parts of the study area. Domains in the south with a higher percentage of pasture have a more homogeneous vegetation distribution, implying less intermittent spatial fields. In contrast, a larger fraction of agricultural areas with winter wheat exists in the northern domains that can be either harvested (i.e., bare soils) or cultivated during the period of the experiment (June-July), as shown by Mohanty et al. [2000] . As a result, the vegetation distribution in these domains is more heterogeneous and the fields can be more intermittent, since the soil moisture dynamics in bare and cultivated areas will likely be different.
[51] The presence of a high percentage of areas occupied by winter wheat can be also a plausible reason for the poor results found in the northern domains (G-I), where the downscaling model did not adequately simulate the observed small-scale distribution from 29 June to 3 July. The planting and harvesting dates of winter wheat suggest that the crop was already harvested or being harvested (see http://usda.mannlib.cornell.edu/usda/nass/planting/uph97. pdf ) during SGP97. Furthermore, the timing of the harvest affects soil moisture conditions, as shown by Cooley et al. [2005] through numerical simulations. Thus, the presence of harvested areas introduces heterogeneity in land cover which can influence the spatial distribution of soil moisture in nonrandom fashion following the harvesting pattern. As a consequence, the downscaling model cannot be expected to reproduce the multifractal properties of under these conditions since it is based on the assumption of spatial statistical homogeneity, implying that fluctuations from the mean state are expected to occur randomly with the same probability in any point. In contrast, in areas covered by pasture (i.e., southern domains) with less human intervention, the model adequately simulates multifractal properties.
Summary and Conclusions
[52] Spatially distributed estimates are currently provided by passive remote sensors at coarse spatial resolution (25-50 km). Since soil moisture exhibits strong variability at smaller scales, a direct use of satellite measurements at satellite footprint scale in land surface models can introduce bias in the simulation of land surface energy and water fluxes. As a result, downscaling models are often necessary tools to characterize and reproduce soil moisture heterogeneity starting from remotely sensed estimates. In this study, we tested the performance of a multifractal downscaling Figure 11 . ANC calibration mode. Each plot is relative to a given domain j = A, …, I and reports (1) the ANC line (black), which is the relation between c and hi provided by (7) with a = Kg and g provided by the multilinear relation (8), (2) the JACK line (dashed black), which is the relation obtained through a jackknife experiment where domain j is assumed as verification and the model is recalibrated with the ANC approach using the other eight domains, (3) the LOC calibration relation (gray line), and (4) the REG calibration relation (dashed gray line). model using soil moisture estimates collected by the ESTAR sensor during SGP97. The model is based on a log-Poisson generator and depends on two parameters: c and b. For our analyses, we selected nine square domains (25.6 × 25.6 km 2 ) spanning the SGP97 area. In the M = 113 (800 m) soil moisture fields available over the nine domains, we demonstrated the presence of scale invariance and multifractality in the scale range from 0.8 to 25.6 km and estimated the c and b parameters.
[53] As a next step, we searched for operational relations linking model parameters with readily available coarse-scale predictors. We selected the spatial average of soil moisture content hi as a coarse-scale predictor and found that b was constant across the nine domains, while c decreased with hi. We then tested three different calibration approaches, labeled LOC, REG, and ANC. In the LOC mode, we fitted a nonlinear relation between c and hi for each domain. In the REG approach, a single regional line was fitted on the entire set of c estimates computed in the nine domains. Finally, in the ANC mode, we introduced additional coarse-scale predictors computed from the static features (topography, soil texture, and vegetation) of each domain to supplement hi. Results of our analyses allowed us to conclude the following.
[54] 1. Performances of the LOC calibration mode are overall satisfactory, while they deteriorate considerably in the REG mode, implying that a single regional relation dependent only on hi does not fully capture the c estimates in the nine domains. In other words, knowledge of hi is insufficient to reproduce the entire variability of the intermittency properties displayed by the small-scale distributions over the SGP97 area.
[55] 2. The use of the ANC mode improves performances considerably compared to REG, with results only slightly worse than the LOC case. Thus, to estimate a regional relation that allows, with adequate accuracy, prediction of the small-scale heterogeneity in any domain, we need to account for ancillary data of each domain (topography, soil texture, and vegetation). In such a way, model parameters and the small-scale variability are better predicted through the use of a dynamic component (hi) and a stationary term (i.e., static domain features).
[56] 3. Results of the jackknife experiment clearly show that the ANC calibration mode is general and can be used operationally to apply the downscaling model not only in the domains analyzed here but potentially also in any other domain in the southern Great Plains.
[57] 4. For wet conditions (large hi), intermittency properties of fields tend to be the same in the nine domains because of the signature of rainfall variability that is similar across the region. In contrast, for drier conditions (lower hi), the northern domains are characterized by more intermittent fields than are the southern areas. This can be linked to variability of the vegetation coverage: more uniform in the south because of the presence of pasture and more heterogeneous in the north because of the presence of winter wheat, a crop that is usually harvested in June and July.
[58] 5. In northern domains, small-scale distributions from 29 June to 3 July were not adequately simulated using any of the calibration modes. A possible explanation is the presence in these domains of winter wheat, which may be either harvested or cultivated. Thus, harvesting is a factor that can potentially affect soil moisture distributions and introduce heterogeneity in the spatial distribution that is not completely explained by the model because of the underlying assumption of statistical homogeneity.
[59] To conclude, this investigation proposed a set of operational relations that can be used to characterize the subgrid soil moisture heterogeneity from coarse satellite measurements through a parameter-parsimonious and computationally efficient downscaling model. The method is general and can be applied to other regions with different climate, topography, soil, and vegetation. Interesting open questions remain for future investigations, including (1) assessing the weight of a diverse set of coarse-scale predictors in different climates (e.g., semiarid, temperate, and humid regions), (2) investigating the linkages between intermittency properties of antecedent rainfall and fields, and (3) analyzing the influence of agricultural and land management practices on the soil moisture variability and multifractal properties. For example, distributed hydrological models can be used in future studies to quantify the role of the presence of harvested areas in the multifractal properties of soil moisture by artificially adding or removing harvested pixels.
